Summary. Complex navigation behaviour (way-finding) involves recognizing several places and encoding a spatial relationship between them. Way-finding skills can be classified into a hierarchy according to the complexity of the tasks that can be performed [8] . The most basic form of way-finding is route navigation, followed by topological navigation where several routes are integrated into a graph-like representation. The highest level, survey navigation, is reached when this graph can be embedded into a common reference frame.
Summary. Complex navigation behaviour (way-finding) involves recognizing several places and encoding a spatial relationship between them. Way-finding skills can be classified into a hierarchy according to the complexity of the tasks that can be performed [8] . The most basic form of way-finding is route navigation, followed by topological navigation where several routes are integrated into a graph-like representation. The highest level, survey navigation, is reached when this graph can be embedded into a common reference frame.
In this chapter, we present the building blocks for a biomimetic robot navigation system that encompasses all levels of this hierarchy. As a local navigation method, we use scene-based homing. In this scheme, a goal location is characterized either by a panoramic snapshot of the light intensities as seen from the place, or by a record of the distances to the surrounding objects. The goal is found by moving in the direction that minimizes the discrepancy between the recorded intensities or distances and the current sensory input. For learning routes, the robot selects distinct views during exploration that are close enough to be reached by snapshot-based homing. When it encounters already visited places during route learning, it connects the routes and thus forms a topological representation of its environment termed a view graph. The final stage, survey navigation, is achieved by a graph embedding procedure which complements the topologic information of the view graph with odometric position estimates. Calculation of the graph embedding is done with a modified multidimensional scaling algorithm which makes use of distances and angles between nodes.
Way-finding
The different types of navigation behaviour can be roughly divided into two groups: local navigation behaviours and way-finding behaviours. Local navigation behaviours such as aiming, guidance, path integration etc. are used to find a single goal by using only currently available sensory information, without the need of representing any objects or places outside the current sensory horizon [22] . Local navigation requires the recognition of only one location, namely the goal. In the Spatial Semantic Hierarchy (SSH) described by Kuipers in this volume, local navigation corresponds to the continuous control level. Way-finding involves the recognition of other places besides the goal, and the representation of relations between these places [19] . It relies on local navigation skills to move from one place to another, but it allows the animal to find places that could not be found by local navigation alone. In the SSH, way-finding is associated with the causal and topological levels of the hierarchy.
Way-finding behaviours can be further categorized into three subsequent levels: recognition-triggered response, topological navigation and survey navigation. Recognition-triggered responses connect two locations by a local navigation method, i.e., an association between a sensory pattern defining the start location and a motor action. In this context, a location is defined as a certain sensory situation in which the same local navigation method is selected. The recognition of the starting location triggers the activation of a local navigation method leading to the goal. There is no planning of a sequence of subsequent movements, only the selection of the very next action. Thus, the animal responds in an inflexible manner to the current situation. In spite of their apparent simplicity, recognition-triggered responses are already considered as way-finding behaviour since they need the recognition of two places (the start and the goal location), and the encoding of their spatial relation by a local navigation behaviour.
Several recognition-triggered responses can be concatenated to routes. Routes are sequences of recognition-triggered responses, in which the goal of one step is the start of the next. The local navigation method can be different in each step according to the local environment. Still there is no planning involved, as knowledge is limited to the next action to perform. If one route segment is blocked, e.g. by an obstacle, the animal has to resort to a search strategy until it reaches a known place again. Topological navigation. An animal using recognition-triggered responses is confined to always using the same sequences of locations. Routes are generated independently of each other and each goal needs its own route. Navigation is more adaptive if the spatial representation is goal-independent, i.e. if the same representation can be used for navigating to multiple goals. To this end, the animal must have the basic competence of detecting whether two routes pass through the same place. Two possibly different sensory configurations associated with the different routes leading through the same place have to be merged by route integration. A collection of integrated routes thus becomes a topological representation of the environment. This can be expressed mathematically as a graph, where vertices represent places and edges represent a local navigation method connecting two vertices.
Any vertex can become the start or the goal of a route, so that, in the case of obstacles, alternative intersecting routes may be found. The fact that alternative routes may lead to one goal requires planning abilities which generate routes from the graph. Planning together with route integration are the capabilities required for topological navigation. The resulting routes are concatenations of sub-sequences from already visited routes. As a consequence, an animal relying on topological navigation cannot generate novel routes over unvisited terrain. Survey navigation. Whereas for topological navigation different routes have to be integrated locally, survey navigation requires the embedding of all known places and of their spatial relations into a common frame of reference. In this process, the spatial representation must be manipulated and accessible as a whole, so that the spatial relation between any two of the represented places can be inferred. In contrast, topological navigation needs only the spatial relations between connected places. An animal using survey navigation is able to find novel paths over unknown terrain, since the embedding of the current location into the common frame of reference allows the animal to infer its spatial relation to the known places. Examples include finding of shortcuts in unknown terrain between unconnected routes, or detours over unknown terrain around obstacles. Biomimetic navigation. Generally, each level of the navigation hierarchy requires new skills on top of the lower level skills. This could also indicate the direction taken during evolution, since new behavioural capabilities are usually built on pre-existing simpler mechanisms. A distinctive feature of a biomimetic robot way-finding system is, therefore, the use of a hierarchy of competences and their underlying mechanisms that should reflect an "evolutionary scaling" as discussed in [17] . Many navigation approaches in robotics (see, e.g., Thrun or Scheding et al. in this volume) are reminiscent to survey navigation since spatial knowledge is represented in a common global map. This contrasts with the above considerations in which survey navigation is the very last stage of the evolutionary development. Biomimetic approaches are therefore constructed in a bottom-up manner: Higher navigation abilities are used on top of simple, but reliable mechanisms. Sometimes these simpler mechanisms turn out to be sufficient for a given task, so that the higher levels need not to be implemented.
Several biomimetic navigation systems for recognition-triggered responses and topological navigation exist in the literature (see, e.g., Jefferies et al. in this volume, and the overview in [8] ). The final step to survey navigation still awaits its robotic implementation. In the following, we present the building blocks for such a robotic survey navigation system that encompasses all three levels of way-finding. Route and topological navigation are already implemented on a mobile robot, survey navigation works so far only in simulations. All experiments were done using a Khepera miniature robot in a toy house arena of approximately 1m 2 size. We use a scene-based homing procedure as local navigation method (Sect. 2). The implementation and algorithms for the subsequent levels of recognition-triggered response, topological and survey navigation are described in Sects. 3, 4 and 5. We conclude in Sect. 6 by discussing the results obtained so far.
Scene-based homing
Bees or ants are able to use visual guidance (scene-based homing) as they find a location which is only defined by its spatial relationship an array of locally visible landmarks (for review, see [5] ). The experimental evidence suggests that these insects store a relatively unprocessed snapshot of the surrounding panorama as seen from the goal. Cartwright & Collett [3] developed a computational model that allowed to find the goal by matching the snapshot with the current view. Computer simulations showed that the model could indeed account for the observed search behaviour of honeybees.
This simple form of visual guidance has inspired several robot implementations since no complex scene representations have to be handled to find an inconspicuous goal (overview in [8] ). As robots usually move in the open space between obstacles, scene-based homing is especially suitable for robot navigation. Our own approach [10] used unprocessed panoramic images of the light intensities seen at the horizon. Under constant lighting conditions, our robot showed robust homing performance. However, when lighting conditions changed completely between taking the snapshot and homing (as, e.g., from sunlight to artificial illumination), the performance broke down [21] . This suggested that -instead of using unprocessed grey values -one could use a "snapshot" of the distances to the surrounding objects at the goal position since the distance distribution in a scene is invariant under illumination changes. There is also strong evidence that rodents, see e.g. [4] , [6] , and also humans, e.g. [14] , use memorized geometric cues to return to already visited places.
The resulting homing algorithm used inverse distances (disparities) to the surrounding objects as snapshots for computational reasons (cf. Sect. 2.1). It showed robust performance with respect to changes in the lighting conditions. However, the area around the goal from which the goal can be found, i.e., the catchment area of the goal, was slightly smaller than in the original, grey-value based scheme [21] . Homing accuracy depends mainly on the noise properties of the imaging device, since a displacement can only be detected if it generates sufficient change in the image. In our experimental setup, this was usually the case at distances from the goal in the range of 1 to 3 cm, depending on the distances of the surrounding landmarks. The size of the catchment area for a single snapshot is mainly determined by the layout of the environment. In our toy house arena, maximum homing distances of 45 cm were achieved. The success rate was 95 % for homing distances smaller than 15 cm, and dropped to 50 % in the range of 20 to 25 cm. In the remainder of this section, we describe the disparity-based homing scheme in detail. Both homing schemes, view-based and disparity-based, are used as local navigation method in the way-finding system described in the subsequent sections. 0000000000000 0000000000000 0000000000000 0000000000000 0000000000000 0000000000000 0000000000000 0000000000000 0000000000000 
Disparity signatures of places
In order to acquire geometric information of the robot's current place we have built a panoramic stereo sensor. Mounted on top of a Khepera miniature robot, a CCD-camera is directed vertically towards a bipartite conic mirror (see Fig. 1 a) . It consists of two conical parts with slightly different slopes yielding an effective vertical stereo base line of ≈ 8 mm ( Fig. 1 b) . As depicted in Fig. 2 a, raw stereo images, taken by the panoramic stereo sensor, are divided into N = 72 sectors (representing a 5
• range horizontally). Each sector is subdivided into radial elements resulting in an array of 100 grey-scale pixels I(x), x = 0, 1, . . . , 99 (Fig. 2 b) .
We have implemented a simple correlation based stereo algorithm to estimate the mean shift d (disparity) of the two image parts by minimizing the matching error (see Fig. 2 b,c), where N A = 20 is the width of a window taken from the inner image, x B is the outer image which has zero disparity with respect to x A (start of inner image). Due to the setup of the imaging mirrors only a one-dimensional correspondence search is needed yielding a disparity range of N d = 30 pixels, i.e. d ∈ {0, 1 . . . , 29}. For each estimated disparity d min,i , i = 0, 1, . . . , N − 1, we compute a value v ("variance") which depends on the uniqueness and reliability of the found match. Low values of v correspond to high reliability. After the stereo computation, the current place can be represented by N = 72 disparities and their corresponding v-values
. . , N − 1}, which we call a "disparity signature" of the considered location.
Using elementary trigonometry, distances to surrounding objects can be computed according to
where r 0 = 29.5 mm is the distance between the effective view points (A, B) and the robot axis (see Fig. 1 b) .
Homing algorithm using disparities
By comparing the current signature with a stored one, it should be possible to return to the place where the signature has been memorized within a cer-tain neighborhood. For this purpose we have extended the homing algorithm described in [10] for the use of disparities: Using the current disparity signature [d, v], we compute for several possible movements of the robot (rotations about an angle ϕ followed by a straight move of length l) predicted or expected signatures [ (3) and trigonometric calculus. In the current implementation the considered positions (N e = 132) lie on a hexagonal grid within a radius of 30 cm.
The similarities of the expected signatures to the stored signature at the home position, [d h , v h ], are estimated according to
Subsequently the robot moves to the position (ϕ opt , l opt ), which minimizes (4). (ϕ opt , l opt ) is called "homing vector".
To reduce the influence of single wrong decisions, the covered distance is limited to l < 5 cm. These steps are repeated until the position of highest similarity deviates only marginally from the current position, i.e. l opt < l thresh = 5 mm.
Route learning
In our robot implementation, the recognition-triggered responses consist of pairs of panoramic views and scene-based homing steps [9] . The views can be one-dimensional 360
• records of either the grey values at the horizon, or of the stereo disparities of the surrounding objects, depending on the used homing scheme. For simplicity, we use the terms snapshot or view for both types of place signatures in the remainder of the text.
The set of snapshots taken to represent a route should satisfy two criteria: First, a large distance should be covered with a small number of snapshots to keep processing requirements small. Second, the spatial distance of neighbouring views should be small enough to allow reliable navigation between them. If one intends to use the learned routes in a topological navigation system, a third criterion has to be added: the views should be distinguishable. In purely view-based routes, this is the only way to guarantee that route integration can be done properly. One way to fulfil this criterion is to incorporate only distinct views into the routes.
The selection of the snapshots is based on the current view and the stored snapshots. The criteria can be fulfilled by measuring the degree of similarity between views: Dissimilar views tend to be distant in space and are distinguishable by definition, and similar views often are spatially close.
Measuring similarity can be viewed as a pattern classification problem. We take a minimalistic approach by using the maximal pixel-wise crosscorrelation as a measure of similarity. This is equivalent to the Euclidean distance of two view vectors (containing either grey values or disparities as entries), after first rotating one of them such as to maximize the overlap with the other one. Whenever a threshold of the view distance to all stored snapshots is exceeded by the current view, a new snapshot is taken. The threshold is chosen to ensure that the snapshots are both distinguishable and close enough to allow safe navigation between them. The number of snapshots that can be distinguished using this classifier usually falls in a range between 25 and 40, depending on the start position. Clearly, such a classifier can also be used to detect the proximity of already recorded snapshots and thus allows us to find already visited locations. We use this classifier for both tasks in our topological navigation system (see Sect. 4).
Using this simple classifier, the recording of routes is straightforward. If the view distance of the current view to the stored snapshots exceeds a threshold value, the robot takes a new snapshot and connects it to the last one. In this way, the classifier adapts the spacing between the snapshots to the rate of change in the optical input. Thus, areas which have to be covered by a denser net of snapshots, due to a rapid change of views, are also explored more thoroughly. After having taken a snapshot, the robot has to decide where to go next. The simplest conceivable rule is to choose a random direction and then to go straight until the next snapshot. The resulting Brownian motion pattern has the advantage that eventually every accessible point of the environment will be explored without the danger that the exploring agent is caught in an infinite loop. Good results can also be achieved if one uses a fixed turning angle. Using smaller angles distant areas are reached faster, whereas angles closer to π lead to a more thorough exploration of the local neighbourhood.
Distance sensors, together with low-level obstacle avoidance behaviours, are used to keep the robot away from obstacles. Typically, the visual input changes very rapidly near objects. Exploration of these areas thus requires a large number of snapshots which, in complex natural environments, would ultimately lead to a fractal graph structure near objects. To prevent the navigation system from becoming ineffective, the robot is not allowed to take new snapshots if nearby objects are detected by proximity sensors. After a route has been recorded, using it for route navigation is again straightforward as the route consists of a chain of recognition-triggered responses: starting from the first snapshot in the route, the robot tries to find the next snapshot in the route by scene-based homing. As soon as the current view becomes sufficient similar to the goal snapshot, this event triggers a homing run to the next snapshot in the route as goal. This procedure is continued until the last snapshot of the route is reached.
View graph
As pointed out in the introduction, a topological navigation system needs the capability of route integration to form a graph-like representation of the environment. In our case, detecting whether two routes run through the same place amounts to detecting identical views in two different routes. This, however, can only be done if all recorded views are unique. In our system, this is ensured by the view classifier which allows only sufficiently distinct snapshots to be recorded. The resulting graph-like representation is termed view graph [20] (see also Mallot et al. in this volume) with snapshots as vertices and connections traversable by scene-based homing as edges.
In principle, connecting two routes whenever two views are sufficiently similar would be enough for route integration. This, however, turned out to be sensitive to false positives since the views at the low resolution used by the robot tend to be similar in several places in the toy house arena. Therefore, we resorted to a more cautious strategy: Whenever the view distance between the current view and an unconnected snapshot drops below a threshold, the robot decides to home to this snapshot. If homing is successful, route integration is performed, i.e., a newly learnt edge is included into the graph. In cases where the robot gets lost or bumps into obstacles, we start a new exploration run, which will typically get connected to the old one in due course. Thus, the classifier has two tasks in our system: to decide when to take snapshots and to detect candidates for overlaps between routes.
Our navigation scheme is designed such that all vertices of the view graph remain in the catchment areas of their respective neighbours. This property can be used to choose the next exploration direction after a successful route integration: The system determines the directions of all neighbouring vertices Fig. 3 . Formation of random odometry errors. This figure illustrates the formation of random odometry errors during a translation. Due to non-systematic factors [1] the agent deviates from the straight path (black path). The instantaneous pose is derived from the integration of many small wheel revolutions, determined by the odometers resolution (indicated by the time index). It is assumed that each of these small steps is affected by a small translational and rotational error, causing the deviation (red path) from the intended path (black path). The deviation between the assumed position (P o n ) and the real world location (P w n ) could be corrected by scene based homing.
and directs the next exploration step to the largest open angle. In addition, we use a several other routines that basically limit the connectivity of the vertices and prevents intersection of edges. This leads to an exploration behaviour that tends to concentrate on the least explored regions of the view graph, i.e., regions with a smaller number of snapshots and less connections between them. Further details can be found in [9] .
The main loop of the route learning algorithm has to be expanded accordingly: starting view and a goal view. This can be achieved by standard graph search algorithms, e.g., as described in [20] . The generated routes can be navigated by using the route navigation module described in the last section.
The recorded view graphs typically contained 20 to 50 snapshots and 30 to 60 edges, covering about two thirds of the toy house arena. Since we required the snapshots to be distinguishable, a single graph could cover only areas with unambiguous view information. This general problem of topological navigation is known as perceptual aliasing [18] . One way to cope with this problem is to use context information, e.g., by embedding the view graph into a metric map with the help of additional metric information from path integration. This leads us to the final layer of the navigation hierarchy: survey navigation.
Metric embedding of a view graph
A possible way to distinguish between similar views seen at different locations is to label the snapshots with their respective recording poses. The consistent embedding of this pose information into a global metric map gives the agent the ability to perform survey navigation, i.e. the agent is able to find shortcuts apart from the learned routes. In the following, we assume that the robot collects pose information from its odometry in addition to the snapshots, such that each vertex of the view graph contains a snapshot and an odometric pose estimate.
To account for odometry errors, the state of the odometer is modeled as a three dimensional normal distribution G Pt (P), with the assumed instantaneous pose (P t = (x t , y t , φ t ) ⊤ ) as the mean and the co-variance matrix
. Parameters for the distribution have to be updated after each movement of the robot. It is assumed that the robots movements are given as a sequence M = {ϕ 0 , l 0 , . . . , ϕ t , l t } of translations and rotations. Figure 4 illustrates the formation of random errors for one translation, using a simple model for a two wheel drive, as used in the Khepera-robot. These random errors have to be propagated along the sequence M in order to get an estimate of P t and C t . Using odometry and vision, the total state vector of the agent is extended to S t = (I t , x t , y t , φ t ) ⊤ , where I t is the instantaneously perceived snapshot.
If the robot returns to an already known place by scene-based homing, it closes a loop in the graph. Considering the cumulative error in the robot's odometry, it is clear that a simple vector addition will lead to erroneous position estimates along the path and to contradicting position estimates at the starting vertex (see Figure 4) . Instead of calculating path integration along single paths we use a graph-embedding procedure which takes all available routes into account and prevents the accumulation of errors [15] .
Multidimensional Scaling
Multidimensional scaling (MDS) problems [2] are directly related to the problem of deriving globally consistent pose estimates from uncertain local pose relations. A local pose relation is the change in the pose vector between two nodes (v i , v j ), i.e. ∆P ij = P j − P i . In this context, the MDS problem is defined as follows: Given a set of local pose relations (D = {∆P
, what is the most probable global pose configuration (X 0 = {P i }) fitting into the local relations.
Mathematical this is described by a least square minimization:
and X 0 = arg min
Since MDS solutions are only unique except for rigid body transformations [2] of the whole pose configuration, it is necessary to setup a fixed reference frame. Therefore, the first node is always used as the origin (P 0 = (0, 0, 0) ⊤ ) and the second node is located on the x-axis (P 1 = (x 1 , 0, φ 1 ) ⊤ ). The remaining vertices will be consistently integrated into the ego-centric reference frame, spanned by the first two vertices.
MDS solutions usually use local metric relations like distances or angles in order to define an error term for the least square minimization. In order to incorporate angles, it is necessary to derive pose relations over two edges sharing a common vertex. For three vertices v i ,v j and v k , with (v i , v j ) ∈ E and (v j , v k ) ∈ E, two local pose relations, ∆P ij and ∆P ik , are recorded.
The dot product is used as a dissimilarity measure, accounting for distances and the inner angle of the triangle patch spanned by the three vertices:
The cross product is used in the same way, in order to make the inner angle unique
Altogether, objective function (5) becomes:
Equations (6) and (7) could be interpreted as local dissimilarity measures, which are invariant under rigid body transformations. Therefore, this method differs from other dissimilarity measures, e.g. used in [16, 7, 13, 11] , which use coordinate transformations between local and global reference frames in order to define the mismatch between local measurements and the global map. Uncertainties (σ
) for local pose relations used in equation (8) depend on the trajectory followed by the agent while moving between the vertices. Therefore, recordings taken from straight paths are more certain than recordings taken during a homing trail.
Since equation (8) is independent of the global heading, it is possible to separate position estimates from estimating recording directions of the snapshots. Instead of assuming a compass, it is possible to estimate the global heading from allocentric landmark information, again by formulating the estimation process as an optimization problem. The question is, what is the best set of recording directions Φ r = {φ r1 , . . . , φ rn } fitting into the set of local pose changes Ω = {∆ω m ij }. The solution is found by minimizing the following objective function:
In equation (9) it is assumed that the local heading changes (∆ω 
φ w r and φ w t are the true orientations in the world-coordinate system, which in fact are unknown to the agent. Equation (10) allows the difference between both values to be measured, which in the ideal case is only limited by the visual resolution of the snapshots.
Application to large graphs
The method described in the previous section is applicable only in the case where all local measurements are available. Since local measurements are collected during exploration and the complexity of minimizing equation (8) increases with the number of stored locations, a direct minimization of equation (8) is not applicable. It is crucial to have a good estimate of the map on hand any time during exploration, since the path integrator requires regular recalibration. This is often referred to as the problem of "Simultaneous Localization and Mapping" (see e.g. [12] ).
In [7, 11] a relaxation method has been used to iteratively approximate the minimum of the objective function. Following this idea we rewrite the original objective function (8) in the following way:
E(.) is the same error term as in equation (8). X v ⊆ X\X f is a set of vertices for which new position estimates are calculated according to:
is a set of fixed vertices, which build a reference frame for locally integrating the vertices X v . Depending on the available local measurements, the choice of X f could be determined by X v , so that X f consists of all vertices which could make predictions of the locations of vertices in X v . D ′ is a subset of D, selected according to the vertices X v ∪ X f . As applied here, X v consists, in one iteration step, only of the vertex for which a new local pose relation has been recorded. X f includes all first and second neighbors of X v .
After position estimates for X v have been updated, the above procedure is repeated for all neighbors of X v which have been significantly moved. This iteration cycle is aborted if the total movement of vertices is below a certain threshold, i.e. if the gradient of objective function (8) has entries close to zero for all elements of X v .
Results: Exploration and Shortcuts
We use a simulation of a Khepera-robot in order to test the ability to explore environments which are much larger than the toyhouse-arena. Parameters for the simulated odometry (i.e. σ in equation 8) were adapted to the real robot. First, the odometry of the real robot has been calibrated in order to remove systematic errors [1] . Then, the remaining random errors were used to determine the parameters for the motion model (see figure 4) .
Exploration is done in the same way as in topological navigation. In addition to the view distance, a metric distance to the recorded snapshots d M (x t , x i ) = min i∈V ||x t − x i || is calculated at each time step. The classifier which decides when to take a new snapshot now also takes the metric distance into account. Even if the view distance stays below a certain threshold, a new vertex is added if d M is greater than 18cm. After adding a new vertex the agent selects a new exploration direction by rotating about a fixed angle of 85
• . As before, route integration is performed by homing when both view and metric distance fall below a certain threshold. After a successful homing run, a new edge is added. Finally, the position estimates are updated with the MDS-algorithm and the path integrator is reseted to the improved position estimation.
In the pseudocode examples given above, survey navigation leads to a further expansion of the main loop (besides complementing the view classificator with metric distances): Figure 5a shows the resulting map after an area of 9m 2 has been explored. Gray dots indicate the true recording locations, red dots illustrate locations estimated by the graph embedding procedure. Due to the combined homing scheme (see figure 4) , i.e. the combination of path integration and scene based homing, position errors can be tolerated, as long as the estimated metric home vector guides the robot into the catchment area of the target snapshot.
Path planning, especially the calculation of shortcuts over graph meshes is problematic, since the embedded view graph does not contain information about the location of obstacles. Therefore, if the robot had to avoid obstacles near a vertex, this vertex has been labeled as an "obstacle vertex". Figure 5b shows a subgraph, which has been extracted from figure 5a. The node set of the reduced graph consists for the most part of "obstacle vertices" 5 . Each edge, which has been added from figure 5a to 5b represents a shortcut. Shortcuts are located more frequently in open space, since the reduced graph mostly consists of vertices near obstacles. This is an important property, since navigation in narrow passages requires more frequent recalibration than in open space.
In order to test the shortcut ability, the agent's task was to follow routes from the center node to a set of randomly selected target locations. The resulting trajectories are illustrated in figure 5b. Figures 6a and 6b show two of these trajectories in more detail, illustrating course correction and replanning capabilities. The blue nodes in figure 6a show the planned path. Deviations from the route occur for three reasons. First, due to odometry errors the agent is not able to follow precisely a calculated path. Second, the global pose estimates are still erroneous (see figure 5a) . Third, the scene based homing algorithm has a limited spatial resolution. Therefore, the path integrator is not accurately rested at intermediate vertices and furthermore the trajectory does not end precisely at the desired goal location. Figure 6b shows a second example where the agent tries to move through a small pathway and hits an obstacle. After avoiding the obstacle (dotted part of the trajectory) the agent relocalizes on the map and calculates an alternative route (green nodes) to the target location.
Concluding remarks
In the above section, we have presented all building blocks for a biomimetic survey navigation system, from scene-based homing as local navigation method to metric embedding of view graphs. All levels up to topological navigation have been implemented on mobile robots, only the final level, survey navigation, still runs only in a Virtual Reality environment.
The system is biomimetic in the sense that all behaviours of the navigation hierarchy are implemented in a bottom-up manner, such that each level of the hierarchy relies on the capabilities of the lower levels. Moreover, all the implemented behaviours can be observed in nature, although the biological algorithms and neural implementation will certainly be different from ours. In this sense, our work is not intended to model a specific animal, but to test whether the hierarchical layering of navigation behaviours can lead to a functional robot navigation system.
Although it is still a long way until such a biomimetic system can be used in practical applications, there are already some features that might be interesting from an engineering point of view: First, simple behaviours tend to be robust with respect to non-stationary environments and sensor errors. This inherent robustness is propagated in a certain sense to the higher layers since these are based on them and do not add low level behaviours on their own. Second, the lower layers provide a backup solution when higher levels fail. For instance, when the global metric map becomes incorrect, the robot still can use the graph structure to find its goal.
